• This study illustrates key issues that are important in choosing between profile-case best-worst scaling and discrete choice experiment studies • Empirical research on the value of outcomes of social care reveals similar patterns in the preference weights obtained from the two approaches • In the majority of cases examined, preference weights are not significantly different once the weights have been appropriately normalised/rescaled 3 Abstract This paper presents empirical findings from the comparison between two principal preference elicitation techniques: discrete choice experiments and profile-based best-worst scaling. Best-worst scaling involves less cognitive burden for respondents and provides more information than traditional "pick-one" tasks asked in discrete choice experiments. However, there is lack of empirical evidence on how best-worst scaling compares to discrete choice experiments. This empirical comparison between discrete choice experiments and best-worst scaling was undertaken as part of the Outcomes of Social Care for Adults project, which aims to develop a weighted measure of social care outcomes. The findings show that preference weights from best-worst scaling and discrete choice experiments do reveal similar patterns in preferences and in the majority of cases preference weights -when normalised/rescaled -are not significantly different.
Introduction
Priority-setting in many areas of public policy is informed through the use of public preferences. Within the 'non-welfarist' or 'extra-welfarist' paradigm, public preferences are elicited in nationally representative valuation exercises, typically using the standard gamble (SG) or time trade-off (TTO) (Brazier, Ratcliffe, Salomon, & Tsuchiya, 2007) . These tools require respondents to manipulate probabilities or lengths of life and so rely on an assumption of cardinality in responses. Theoretical and empirical problems with these methods (Bleichrodt, 2002) have led to interest in tasks that require only ordinality in responses, such as discrete choice experiments (DCEs) and ranking studies. DCEs have been used extensively to facilitate analyses in the fields of transport and environmental policy. However, they can also be used to value different instruments and work is underway to do so for the EQ-5D-5L for measuring health outcomes (as a supplement to a TTO valuation) and the ICECAP capability indices (at least).
Best-worst scaling (BWS) is an alternative preference elicitation method that also only requires an assumption of ordinality. It was developed by Louviere and Woodworth (1990) and its first application was published in 1992 (Finn & Louviere) illustrating Case 1 (the 'object' case). The method gained popularity in health and social care when the properties of Case 2 (the 'profile' -previously called 'attribute' -case) were proved (Marley, Flynn, & Louviere, 2008) and a guide to its use was published (Flynn, Louviere, Peters, & Coast, 2007) . Flynn (2010a) provides an overview and theoretical discussion of the different cases of BWS. Case 2 has particular advantages in valuation studies that seek to elicit general population preferences for important attributes of quality of life (or whatever maximand is of relevance to policymakers). In particular, it presents profiles one at a time, rather than in choice sets of size two or more as in a traditional DCE. This is important when respondents do not have experience of making choices in the particular area of application: keeping two or more profiles in mind at once is likely to be a harder task, leading to an increase the size of the random utility component and reduction of the statistical efficiency of the preference elicitation.
This paper reports on the empirical comparison between the discrete choice and profile-case BWS experiments using data from a pilot study seeking to elicit values for different dimensions of social care related quality of life. The specific objective is to determine the extent to which valuations of quality of life states obtained through a best-worst scaling experiment are comparable to those obtained through discrete choice experiments. To our knowledge, this paper is the first to empirically test the comparability of the profile-case BWS and DCE estimates. The following section provides a brief background to general research framework. Then the methods employed in this study including the design of the discrete choice and best-worst scaling experiments, data collection and econometric analysis will be presented. Finally, model estimations from the discrete choice and best-worst experiments and the comparison of values between DCE and BWS will be discussed.
Background to ASCOT measure
This research is part of the Outcomes of Social Care for Adults (OSCA) project (Netten, Malley, Forder, Burge, Potoglou, Brazier et al., 2009) , which is building on work that has been undertaken on social-care outcome measurement over a number of years, including, the Individual Budget pilot evaluation (Glendinning, Challis, Fernández, Jacobs, Jones, Manthorpe et al., 2008) . The measure being developed is part of the Adult Social Care Outcome Toolkit (ASCOT) (see Netten et al., 2009 for full details). The toolkit is being developed as part of the Measuring Outcomes for Public Service Users (MOPSU) project, which was led by the Office for National Statistics (ONS) in UK (ONS, 2010) . The work on adult social care focuses primarily on outcomes for residents of care homes (Netten, BeadleBrown, Trukeschitz, Towers, Welch, Forder et al., 2010) and low level interventions, that is low cost services usually targeted at people with low level needs, for example many day centres for older people (Caiels, 2010) .
The ASCOT measure is designed to capture information about an individual's social carerelated quality of life (SCRQOL). The aim is for the measure to be applicable across as wide a range of user groups and care and support settings as possible. In identifying and defining the domains the aim was to ensure the measure is sensitive to outcomes of social care activities. Evidence from consultation with service users, experts and policy-makers, as well as focus group work and interviews with service users indicated that the measure captures aspects of SCRQOL that are valued by service users (and policy-makers) (Bamford, Qureshi, Nicholas, & Vernon, 1999; Malley, Sandhu, & Netten, 2006; Miller, Cooper, Cook, & Petch, 2008; Netten, McDaid, Fernández, Forder, Knapp, Matosevic et al., 2005; Netten, Ryan, Smith, Skatun, Healey, Knapp et al., 2002; Qureshi, Patmore, Nicholas, & Bamford, 1998) .
Methods

Social care domains and levels
Evidence from previous analyses (Bamford et al., 1999; Malley et al., 2006; Miller et al., 2008; Netten et al., 2005; Netten et al., 2002; Qureshi et al., 1998) , conceptual development and results of the consultation with stakeholders and service users and carers (Netten et al., 2009 ) fed into selection of domains and their levels. Nine domains were finally selected to describe social-care related quality-of-life situations: food and drink, personal cleanliness, accommodation, safety, social participation, occupation, control, dignity, and living in own home (see Table 1 ).
[ Table 1 , about here] Each domain had four (4) levels; except for living in own home that had only two levels (living in own home; not living in own home). For purposes of clarity and in order to avoid wording that may lead to some domains dominating the choices, the dignity domain was worded as the way I am helped and the employment and occupation domain was presented as use of my time.
Discrete choice experiments
Asking respondents to trade-off across nine different quality-of-life domains in a single discrete choice experiment would be particularly challenging. One option would be to concentrate on a subset of domains in the experiment. However, this option would narrow the findings of the study, as would combining the domains. Moreover, it would not be feasible to compare the findings with those in the BWS experiment. We therefore decided to split the nine domains across two discrete choice experiments (DCE1 and DCE2) with overlap in some domains to allow models from the two experiments to be based on a common utility scale. The decision to split the domains was guided by findings of a previous study, which showed that this strategy produced consistent values and the utility parameters of overlapping domains were equal (Burge, Netten, & Gallo, 2010) .
It was acknowledged that by splitting the attributes across two experiments, it would not be possible to examine interactions in preferences for domains in different experiments.
Therefore, it was decided to make prior assumptions about which interactions were most likely to be significant when grouping the domains to allow scope for estimating these should they prove to be important. In addition, some pragmatic considerations were also considered in grouping the attributes; for example, safety, personal care and food and drink represent the core outcomes of social services, so an argument existed for grouping these together.
Cleaning the house, social participation and being active/occupied was seen as at a less fundamental level in terms such as Maslov's hierarchy of needs (Grewal, Lewis, Flynn, Brown, Bond, & Coast, 2006) , so an additional argument existed for grouping these together.
The final allocation of the domains between the two choice experiments is shown in Table 2 .
[ Table 2 , about here] Both DCE 1 and DCE 2 used a forced-choice design. Choice pairs in each of the discrete choice experiments were specified using a D-efficient choice design developed in the SAS software 1 (Kuhfeld, 2009) . The main motivation for choosing an efficient design over an orthogonal design was to minimise the expected standard errors in the choice models that utilised the data from the experiment (Puckett & Rose, 2009 ). While there is nothing inherently wrong with orthogonal designs, these require larger sample sizes to yield parameter estimates with comparable levels of significance in choice models (Bliemer & Rose, 2005) . The SAS routine for specifying the fractional factorial design matrix started with the full factorial design matrix and used the modified Fedorov algorithm to optimise the expected variance matrix on the basis of a set of prior parameters (Cook & Natchtsheim, 1980; Fedorov, 1972) . At this stage, it was assumed that all attribute-level prior-parameters were zero; however, for the next stage of the study we could consider using the estimated coefficients from this pilot to feed in as priors for this optimisation.
Each of the design matrices in DCE1 and DCE2 included 128 situations. These design matrices covered sufficient domain-level combinations to allow all two-way interactions between domain-levels in the same experiment to be estimated. Obviously, 128 situations for each experiment would be too difficult for one respondent to evaluate. Therefore the design matrices were divided into 16 blocks so that each respondent was presented with 8 situations per choice experiment. Blocking was performed using the SAS Block procedure, which alters the order of situations until no (canonical) correlations exist between the block number and domain-levels. Figure 1 shows examples of DCE1 and DCE2 social care situations.
[ Figure 1 , about here]
Best-worst scaling experiment
The best-worst scaling experiment contained the same attributes as the discrete choice experiments, but rather than splitting them in two groups, all nine domains were presented in a single situation. Choice situations in the BWS experiment were specified using an orthogonal main effects plan (OMEP) that allowed eight domains with four levels and the living in own home domain with two levels to be tested. The full plan consisted of 4 8 x2 1 combinations and using an orthogonal design these were reduced to 32 situations. Similarly to the DCEs, the 32 situations were blocked, so that each respondent repeated the choice task for 12 social-care situations. Figure 2 shows an example of a BWS exercise, where the respondent was asked to choose the best and then the worst domain.
[ Figure 2 , about here]
At this stage, it was important to acknowledge the potential for bias resulting from differences in the size of the random utility component variance by attribute. For example, presenting a situation in which one attribute was at its 'top' level, whilst all other attributes were at an intermediate level, was likely to make the 'best' choice easy (unless the levels of that attribute were all of moderate size and similar on the latent scale). Therefore, the random utility variance, ceteris paribus, would be small compared with a situation with all attributes at intermediate levels.
Since the OMEP was a small fraction of the full factorial, it was possible to avoid such problematic situations; the coding of domain levels was chosen to avoid designing situations defined by every attribute at its 'top' level, those with every attribute at its 'bottom' level, and 'easy to choose' situations of the type described above.
Survey structure
The face-to-face interview began with rating questions about respondents' SCRQOL at the time of the survey followed by the discrete choice and best-worst experiments. At the end of the interview, participants provided background information and self-rated their level of understanding of the experiments. Interviewers also rated respondents' understanding of the experiments.
All respondents participated in both DCE and BWS experiments. In order to control for systematic ordering effects, the order of appearance of DCE and BWS followed the patterns shown in Table 3 . In the first pattern, for example, DCE1 appeared first, followed by DCE2
and BWS. Each respondent was assigned one of the ordering sequences at random.
[ Table 3 , about here]
A key feature of this research involved asking respondents to put themselves in the position of someone who could no longer take care of themselves so that they answer the questions in context. In particular, respondents were asked to imagine that they have had an unspecified accident that has rendered them dependent on others for care. The experiments clearly had the potential to distress some respondents, particularly the more vulnerable.
Steps were therefore taken to ensure that respondents were left in a good frame of mind and were not left distressed by taking part in the research. Interviewers were fully briefed on this matter and were given an information leaflet to leave with respondents, providing contact names and telephone numbers they could call if they wished for reassurance.
Data collection
The data collection involved house-to-house recruitment with the questionnaire administered through computer aided personal interview (CAPI). The pilot was conducted in March 2009 among 300 adults in the south east of England and Birmingham. The majority of the interviews were completed within approximately 30 minutes. However, some interviews, mostly among older respondents, took between 45 minutes and 1 hour.
The sample was not specified to be nationally representative, but rather the aim was to oversample ethnic minorities and those over 65 years of age to allow a more thorough review of the ability of these population segments to undertake the various choice tasks. This was in line with the objective of using this phase of the research to compare the DCE and BWS approaches to assess how they performed when applied to social care, and how accessible they might be when used with service user groups. Ethical approval for the research and data collection was received from the University of Kent Research Ethics Committee.
Econometric analysis
We used mixed logit models to analyse the DCE and BWS data in order to account for the correlation between observations from the same respondent (i.e., eight in the DCEs and 12 in the BWS). Both the DCE and BWS models captured the main effects of each domain level. Interaction terms were excluded since earlier likelihood-ratio tests and the small correlation among estimated parameters in the final models showed that they were not statistically significant. The following equations present generalised specifications of the DCE1, DCE2 and BWS models, respectively.
• Discrete choice experiments ζ i is the error component used to capture the correlation between observations from the same respondent, with mean equal to zero and standard deviation σ ζ , which is estimated in the model. Finally, ε ijt is the error component due to differences between observations.
Using similar notation, the utility of an individual i choosing domain-level j at choice exercise t in the DCE2 is given as: where λ is the error component used to capture the correlation between observations from the same respondent (i) with mean zero.
• Best-worst scaling
While the choice task in BWS was different; respondent i chooses the best and worst aspects of a given situation -this choice task can still be modelled as a discrete choice using a mixed logit model and the operationalisation of BWS data in a random utility model parallels that of a traditional DCE (Flynn, 2010c) . Specifically, utility functions were specified for every possible 'best-worst' pair, measuring the difference in the utility between a domain level chosen as the best and another chosen as being worst. Therefore, respondents could choose among 72 'best-worst' pairs in a given situation. For example, if the Food and Drink being at level 1 was chosen as best and Control of over daily life being at level 4 was chosen as worst within a given situation t, the utility of choosing this 'best-worst' pair would be: In common with all limited dependent variable models, the estimates of the attribute level parameters are not means: they are a perfect confound of means and variances on the latent utility scale. The variance (more usually conceptualised as its inverse, the variance scale factor) can be 'netted out' by transformation through a numeraire attribute if and only if there is no attribute-specific variance heterogeneity (Louviere, 2006) , a strong assumption.
Whereas in modelling the discrete choice experiments it is necessary to fix one of the levels of each variable from the equations to avoid over-specification of models, in the case of bestworst this is only necessary for only one level of just one attribute (Flynn et al., 2007) .
Results and discussion
Sample
Details of the pilot sample of the 300 respondents who completed the interview are shown in Table 4 . Elderly (65+) and ethnic minorities were sufficiently represented in the sample. Out of the 300 participants, 29.3% indicated that they receive benefits or tax credits.
[ Self-rating questions and interviewers' observations were used to develop criteria for excluding data from further analysis. In particular, respondents should have been able to:
• Put themselves in an imaginary position,
• Understand the descriptions in the choices,
• Look at all aspects of choices,
• Feel that they are able to answer the choices.
In addition, interviewers should have indicated that the respondent:
• Understood the tasks "a little", "a great deal" or "completely",
• Gave the questions "some", "careful" or "very careful" consideration,
• Did not lose concentration in the later stages of the interview.
Finally, the data set in modelling excluded all non-traders; that is respondents who consistently chose situation A or B in all eight exercises in DCE1 or DCE2. Table 5 shows the number of observations available for model development after excluding responses that failed to meet the abovementioned criteria.
[ Table 5 , about here]
Testing for ordering effects
Prior to the development of the final models, we tested whether the order of appearance of the DCE1, DCE2 and BWS experiments in the survey resulted in significant differences in the models. Estimation results showed that the order of appearance did not affect the level of noise within the responses in all three experiments. More details on these results are available upon request from the first author.
Model estimations
Tables 6, 7 and 8 present the estimated parameters of mixed-logit models using data from the DCE1, DCE2 and the BWS experiments, respectively. In both the DCE1 and DCE2 models, the majority of coefficients were statistically significant at the a=0.05 level and their signs were in line with prior expectations. The trend in the value of the coefficients also follows prior expectations; as the domain level increases (i.e., the situation of a domain becomes worse) the value of the parameter decreases. However, the majority of parameters for the second levels of the domains were not significantly different from zero, implying a non-significant difference in respondents' preference between levels one and two on those domains. This finding suggests that there may be benefit in reviewing some of the wording of the levels for the main study to make them more distinct. Moreover, the coefficients of dignity 2 and safety domains at levels 3 and 4 were not significantly different (i.e., Level 3 = -0.663 ± 1.96*0.12; Level 4 = -0.625 ± 1.96*0.12).
[ Table 6 , about here]
[ Table 7 , about here]
The BWS data was used to estimate a single model, which represents the average valuations across all respondents in the sample. Similarly to the results in DCE1 and DCE2, the parameters of level one and two across all domains except dignity and the parameters of levels three and four in the safety and dignity domains were are not statistically different (see Table 8 ).
[ 
Comparison of values between DCE and BWS
The results from DCE1, DCE2 and the BWS experiments can be compared if we look at the marginal values of moving from the lowest level (e.g. Dignity_2 in Figure 3a) to the highest level of need (e.g. Dignity_4 in Figure 3a) . In this case, we examine only the differences in preference within a given attribute from the BWS.
It is noteworthy that the models have different scales hence the coefficients cannot be directly compared (Swait & Louviere, 1993 ), but we can look at the relative size of the differences by using one of the domain levels as a common denominator and scaling all others relative to this. In this case, we have chosen the highest level of need of the control domain (i.e., Control_4) which was strongly estimated in all models presents the comparison of domain coefficients that were common across DCE1, DCE2 and BWS. Figure 3b shows the comparison of domain coefficients between BWS and DCE1 and finally, Figure 3c shows the coefficients that appeared in DCE2 against those estimated in BWS.
[ Figure 3 , about here] Table 9 presents the results of the statistical comparison across the relative values and standard errors coming from the different approaches. In particular, we used a t-test to examine whether the differences in the rescaled preference weights across DCE1, DCE2, and BWS were statistically different from each other.
[ Table 9 , about here]
The two approaches did reveal a broadly similar pattern in preferences. In eight of out of 11 cases, the domain-level weights common between DCE1 and BWS were not statistically different at the a=0.05 level. Only, the third level of Control and second and third level of Finally, the values placed on Dignity and Control between the two separate DCE exercises (for which these were the common attributes) were not statistical different. As a result the two different groupings in the design appear to support consistent valuations of these common attributes across respondents.
Conclusions and discussion
This study is the first to compare estimates from DCEs with those from a profile case Bestworst scaling study. Flynn (2010c) discussed the possibility that preference estimates from the two types of task might disagree. However, in this context -that of levels of social care
domains that would subsequently be used within a decision making and policy design framework -there are similar patterns in preferences and in the majority of cases the estimated preference weights (when normalised/rescaled) are not statistically different.
The differences that are observed in the BWS and DCE estimates may reflect bias in the latter caused by different respondents inferring different information about the attributes they did not "see": omitting attributes from a DCE typically affects estimates of both the attribute level means and the variance (scale) (Islam, Louviere, & Burke, 2007) . The tests for preference equality performed here suggested such effects at the aggregate level may be small. However, there may be important differences among subgroups. Any such differences would have implications for the generalisability of the results to the wider population. Thus, future work on comparing these methods may consider using more sophisticated methods that model heterogeneity, such as the mixed logit, or scale-adjusted latent class analyses (Flynn, 2010b) . Alternatively, models that jointly model preference and scale heterogeneity could be estimated, such as generalised multinomial logistic models (G-MNL), which nest both of those models as special cases (Fiebig, Keane, Louviere, & Wasi, 2010) .
This study illustrates key issues that are important in choosing between profile case BWS and DCEs studies. The statistical issues in constructing the pairs for the DCE were not pertinent for the profile case BWS study. However, this had to be balanced against the practical issues in coding the BWS design so as to avoid artificially 'easy' or 'difficult' profiles.
Presenting single profiles in the BWS study allowed all attributes to be presented. As noted above, this did not appear to lead to differences in patterns of preferences, but the loss of explicit trade-offs inherent in intra (rather than inter) profile choices mean that the broad equivalence found here may not hold true in other contexts. In the case of the ongoing research on social care outcomes we will take forward the BWS approach as it has a lower cognitive burden and will be more amenable to the collection of preference data from service users.
However, we would also suggest that future studies should conduct piloting to ascertain whether interactions between attributes exist. DCE designs to estimate these interactions are available but in some cases the researcher may be unable to estimate them if using a profile case BWS task (Flynn, 2010b) .
It is encouraging that this first comparison of the two tasks has found broad equivalence in estimates. It offers a framework that may be useful to health services researchers needing guidance in choice of discrete choice task in future preference elicitation studies. 5 Numbers for each criterion do not add up to compute the total number of observations excluded as more than one condition may apply to each observation 
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